Most methods for conducting meta-analysis of voxel-based neuroimaging studies do not assess whether effects are not null, but whether there is a convergence of peaks of statistical significance, and reduce the assessment of the evidence to a binary classification exclusively based on p-values (i.e., voxels can only be "statistically significant" or "non-statistically significant"). Here, we detail how to conduct a meta-analysis using Seed-based d Mapping with Permutation of Subject Images (SDM-PSI), a novel method that uses a standard permutation test to assess whether effects are not null. We also show how to grade the strength of the evidence according to a set of criteria that considers a range of statistical significance levels (from more liberal to more conservative), the amount of data or the detection of potential biases (e.g., small-study effect and excess of significance). To exemplify the procedure, we detail the conduction of a meta-analysis of voxel-based morphometry studies in obsessive-compulsive disorder, and we provide all the data already extracted from the manuscripts to allow the reader to replicate the metaanalysis easily. SDM-PSI can also be used for meta-analyses of functional magnetic resonance imaging, diffusion tensor imaging, position emission tomography and surface-based morphometry studies.
Introduction
Since the introduction of magnetic resonance imaging, the neuroimaging community has published thousands of studies of the neural substrates of psychological functions and neuropsychiatric disorders. To summarize these findings, several methods have been developed 1, 2, 3, 4, 5, 6 . Original voxel-based neuroimaging studies report the coordinates of the peaks of statistical significance (e.g., in a comparison of gray matter volume between patients and controls), and meta-analytic methods commonly assess whether there is convergence of peaks in certain brain regions. However, we have previously shown that these tests for convergence of peaks rely on delicate assumptions that might influence the patterns of meta-analysis results and their statistical significance 7 . Specifically, these tests assume that voxels are independent and that they have the same probability of a "false" peak, while in real gray matter, voxels correlate with their neighbors and the probability that a voxel has a "false" peak depends on its tissue composition. In addition, they also encompass paradoxes such as that the statistical power increases in the presence of few true effects, and decreases when there are multiple true effects.
To overcome these problems, we developed a method that imputes the brain maps of statistical effects for each study and then conducts a standard random-effects meta-analysis to formally test whether the effects are different from zero. This method is called "Seed-based d Mapping with Permutation of Subject Images" (SDM-PSI) 8 and its main features include:
• Accounting for both increases and decreases of the outcome of interest (e.g., activation and deactivation) so that contradictory findings cancel each other 4 ; • Use of effect size estimates with random-effects modeling, which increases reliability and performance 9 ;
• Potential simultaneous inclusion of available 3D statistical images (i.e., maps of t-test values) 10 ;
• Subject-based permutation tests identical to those of FSL "randomize" tool 11 ;
• Use of threshold-free cluster enhancement (TFCE) statistics 12 .
We have detailed and fully validated the SDM methods elsewhere 4, 8, 10, 13, 14 .
In addition, we suggest not relying on a binary classification of the voxels based on the level of statistical significance (significant vs. not significant) but, conversely, assessing the strength of the evidence using a set of criteria 22 . The binary statistical significance reductionism leads to poor control of the false positive and false negative rates 15 , whereas the criteria use ranges of statistical significance levels and take into account the amount of data or potential biases. The SDM-PSI software returns the necessary elements to conduct such a classification 8 and thus they can be employed to afford a more granular classification of the strength of the evidence.
Here we show how to conduct a meta-analysis of voxel-based neuroimaging studies using SDM-PSI. To exemplify the protocol, we use data from a published meta-analysis of voxel-based morphometry studies that investigated gray matter abnormalities in patients with obsessivecompulsive disorder (OCD) 4 . However, we will not use the methods employed in that early meta-analysis, but the aforementioned state-of-the-art procedures. The reader can download the software and these data from our website (http://www.sdmproject.com/) to replicate the analysis.
All researchers who aim to conduct a meta-analysis of voxel-based neuroimaging studies can follow this protocol. The method can be used with functional magnetic resonance imaging (fMRI, e.g., BOLD response to a stimulus) 16 , voxel-based morphometry (VBM, e.g., gray matter volume) 17 , diffusion tensor imaging (DTI, e.g., fractional anisotropy) 18 , position emission tomography (PET, e.g., receptor occupancy) 19 and surface-based morphometry (SBM, e.g. cortical thickness) studies/datasets. t-values must be positive when: t-values must be negative when:
Protocol
One-sample fMRI studies task > baseline (activation) task < baseline (deactivation) Two-sample fMRI studies patients > controls in task > baseline (hyperactivation) patients < controls in task > baseline (hypoactivation) patients < controls in task < baseline (failure of deactivation) patients > controls in task < baseline (hyperdeactivation)
Two-sample VBM / FA studies patients > controls (larger volume / FA) patients < controls (smaller volume / FA) 
Discussion
As introduced earlier, most voxel-based meta-analytic methods use a test for convergence of peaks that has some limitations, and then conduct a binary classification of the evidence exclusively based on p-values.
In this protocol, we detailed how to conduct a voxel-based meta-analysis using SDM-PSI, which has a number of positive features including a standard permutation test to assess the statistical significance of the effects. In addition, we show how the strength of the evidence can be graded using a set of criteria that go beyond a binary classification that solely relies on one statistical significance level.
To facilitate the replication of the example meta-analysis, we provide the data already extracted from the manuscripts from a previous metaanalysis. Interestingly, in the manuscript of that meta-analysis, the evidence "seemed" stronger than the evidence that we found with the updated methods. We therefore suggest that unsystematic evaluations of the evidence in previous voxel-based meta-analyses are taken with caution.
We hope that following this protocol, neuroimaging meta-analyses provide a richer and more granulate description of the evidence of neuroimaging findings.
